In this study, we empirically examine the relationship between return predictability and sentiment while the stock fundamentals perform regime shifts. This study is motivated by the realization that while we examine the predictive power of sentiment, we may not be able to separately identify the price change as a correction pattern for a mispricing or a adjustment dynamic in relation to the regime-switching stock fundamentals. We proposed a simple way to explore this issue within the conventional predictive regression framework and a testing procedure to tackle the potential econometric problems in this study. Our main empirical findings are: (1) the effects of sentiment on predicting the cross-section of future stock returns are conditional on the state of regime. The magnitude of coefficient estimates associated with sentiment increases while regimes are controlled; (2) dividend-and earning-oriented portfolios perform strong conditional predictability patterns only after conditioning on sentiment and regimes; (3) the appearance of the size and value effects are also conditional on sentiment and the state of regime; (4) the cross-sectional predictability patterns associated with sentiment reflect the mispricing, not the compensation for systematic risk.
Introduction
Traditional financial theory advocates that an equilibrium stock price equals the discounted value of a stream of expected cash flows and any co-movement in stock returns reflects the common movements in systematic risks. Shifts in investor sentiment are not expected to affect stock prices since such shocks are supposed to be offset in no time by the actions of rational arbitrageurs. Since the seminal works of De Long, Shleifer, Summers and Waldman (1990) , and Lee, Shleifer and Thaler (1991) , the effects of "the actions of rational arbitrageurs" have been doubted in that arbitrage is risky and costly 1 . For example, while a speculative position on a stock is created in response to a shock to the sentiment of noise traders, the noise trader risk, a risk of a further change of noise traders'opinion away from its fundamentals, poses a significant threat in arbitrage and in turn precludes rational arbitrageurs aggressively exploiting this lucrative investment chance, leading to the market price of the stock departing from its fundamentals. This mispricing would eventually be corrected as sentiment waning and hence the market price of the stock reverts back to its fundamentals. It is apparent that, given the limits of arbitrage, sentiment may affect stock prices and is therefore negatively correlated with future returns of stocks.
To test the theoretical prediction, the effects of sentiment on predicting stock returns have been largely investigated in empirical finance literature, see for example, Swaminathan (1996), Brown and Cliff (2004) , Qiu and Welch (2004) , Wurgler (2006, 2007) , Glushkov (2006) , Kumar and Lee (2006) , Lemmon and Portniaguina (2006) . Empirical evidence has uncovered that investor (or consumer) sentiment performs predictive power for the cross-section of stock returns, in particular for stocks with some sorts of firm characteristics, 1 In reality, many professional arbitrageurs, such as institutional investors and mutual fund managers, would borrow money and securities from financial intermediaries and individual investors to execute their trades. They must face to the risk of liquidation by the lenders if prices move against them and the value of collateral tumbles. This is particular true when the liquidation criterion for the lenders is based on past performance, see Shleifer (2000) and Shleifer and Vishny (1997) .
1 such as small stocks, unprofitable stocks, growth stocks or non-dividend-paying stocks.
In this paper, we attempt to further explore the predictive power of sentiment while the stock fundamentals have a regime-shift feature. Our study is motivated by the following realizations. First, equilibrium asset pricing under a regime-switching fundamental process, such as the regime-switching consumption/dividend process, has long advocated by the financial literature to reconcile the unconditional moments of stock returns, the intertemporal relation between stock returns and market volatility and the market volatility dynamics, see for example, Hung (1994) , Veronesi (1999) , Whitelaw (2000) and Lettau, Ludvigson and Wachter (2008) . Second, a number of recent empirical articles in the financial literature suggests that the distributions of stock returns are in the presence of regime shifts. Regime is an unobserved state variable driving the levels, volatility or correlations of the distributions of stock returns, see for example, Gray (1996) , Maheu and McCurdy (2000) , Perez-Quirors and Timmermann (2000), Guidolin and Timmermann (2008) . Third, according to the behavioral finance theory (or hypothesis) proposed by Wurgler (2006, 2007) and Glushkov (2006) , the cross-sectional effect of sentiment is associated with firm characteristics. Small stocks, unprofitable stocks, non-dividend-paying stocks and growth stocks not only have the high propensity to speculate 2 in response to the shocks of sentiment on stock demands, but also pose a significant difficulty in arbitrage. Those stocks do not have a long enough earning history to remove the subjectivity in valuation by individual investors. Plus, lack of collaterals for them may deteriorate the execution of arbitrage.
Since the sentiment-driven mispricing would be hard to identify directly, Baker and Wurgler (2006) examined whether the patterns of mispricing correction depend on investor sentiment. As shown in the top panel of Figure 1 , they tested the negative relationship between the price changes of stocks and previous investor sentiment. However, while the stock fundamentals have a regime-switching feature, an identification may happen. That is, we are not able to separately identify the price changes as a correction pattern for a mispricing or an adjustment dynamic for the regime-shift stock fundamentals. For example, during a bubble period in the bull market, bullish sentiment gives rise to a mispricing. Then the bubble burst 2 Baker and Wurgler (2006) adopted this typical term to explain investor sentiment.
2 brings down the stock prices and may potentially trigger the bear Regime. The decreased stock prices might reflect either a correction pattern for a mispricing as sentiment wanes, or a mean-reverting process as the state of regime switches to a bear/crash market, expressed by low levels and high volatility for stock returns. The bottom panel of Figure 1 illustrates this identification problem. Therefore, it poses a significant methodological challenge to identify the causality of the return predictability in this regard.
In order to examine the effects of sentiment on predicting the cross-section of stock returns and tackle the above potential identification problem, we extend the empirical approach used by in several dimensions. First, the effects of regime shifts have been considered. Controlling the state of regime while we test the predictive power of sentiment is a simple and straightforward way to isolate the effects of regime shifts in stock fundamentals. We launch the three-pass sort-firm characteristics, the state of regime and the level of sentiment proxy-to look for how the cross-section of subsequent equal-weighted portfolio average returns 3 varies with the level of the previous month's sentiment proxy and the state of regime. Second, we then perform predictive regressions (including a conditional CAPM model), which control four characteristics factors-size, book-to-market, market, and momentum-and use the previous month's level of the sentiment proxy to forecast the returns of various long-short (zero-investment) portfolios, based on the regime-sorted observations 4 .
In robustness checks, we perform a generic predictive regression model that simultaneously control for characteristic factors, sentiment and the sates of regimes (or regime dummy variables) to confirm the findings from the three-pass sort and predictive regressions. Third, in order to deal with the non-normality for the joint distribution of the cross-sectional stock returns and small sample size for some regime-sorted observations that may invalidate the standard critical values of the normal distribution for t statistics, we proposed the bootstrapped testing procedure to calculate the empirical distribution of t-statistic through re-sampling and then computing the bootstrapped p-values for the realistic t statistic computed by real sample observations.
Investigating the interplay between the regime-shift stock fundamentals, investor sentiment and the dynamic patterns of stock returns is not new. Barberis, Shleifer and Vishny (1998), for example, proposed a model of investor sentiment which is characterized by distorted predictions about the regime-shift stock fundamentals. The short/long run patterns of stock returns can be linked to the shifts in distorted beliefs. Cecchetti, Lam and Mark (2000) performed a similar model to link distorted beliefs with equity premium puzzle and excessive volatility, both of which have been long advocated in financial literature. Although these studies sought to fix the problematic assumption of constant stock fundamentals in conventional behavioral finance theory, they didn't explore the interplay between regime shifts, mispricing and return predictability. We empirically address this issue. Our main empirical findings are: (1) the effects of sentiment on predicting the cross-section of future stock returns are conditional on the state of regime. The magnitude of coefficient estimates associated with sentiment increases while regimes are controlled; (2) dividend-and earningoriented portfolios perform strong conditional predictability patterns only after conditioning on sentiment and regimes; (3) the appearance of the size and value effects are also conditional on sentiment and the state of regime; (4) the cross-sectional predictability patterns associated with sentiment reflect the mispricing, not the compensation for systematic risk.
The reminder of this paper is organized as follows. Section 2 lays out the hypotheses.
Section 3 introduces the test procedure and the model we use in characterizing regimes. The data and test results are given in Section 4. Several robustness checks are reported in Section 5. Section 6 concludes the paper.
The Theoretical Hypotheses for Sentiment
According to the behavioral finance theory, the prices of stocks which are held predominately by noise traders will be affected by the sentiment of noise traders as long as arbitrage is that the noise trader risk is systematic so that the sentiment risk will be compensated by a risk premium 5 . Thus, the corresponding cost of equity, or the discount rates of expected cash flows, in turn contains a risk premium for sentiment. If the cash flows of a stock are fixed, a shock to sentiment will produce a cross-sectional effect on stocks through the various sentiment-compensated costs of equities. However, Wurgler (2006, 2007) and Glushkov (2006) proposed an alternative theoretical explanation for the cross-sectional effect of sentiment without imposing a strong and controversial assumption on the risk for sentiment. They pointed out that the cross-sectional effect of sentiment is associated with the firm characteristics. Small stocks, unprofitable stocks, non-dividend-paying stocks and growth stocks not only have the high propensity to speculate in response to the shocks of sentiment on stock demands, but also pose a significant mechanical difficulty in arbitrage.
It is known that those stocks do not have a long enough earning history to alleviate the subjectivity in valuation by individual investors. Moreover, lack of collaterals for those stocks deteriorates the execution of arbitrage. In short, it is called a hard-to-value, difficultto-arbitrage hypothesis (or theory).
Many recent empirical articles in the financial literature unveiled that the distributions of stock returns have a regime switching feature. Regime is an unobserved state variable driving the levels, volatility or correlations of the distributions of stock returns. Although market regimes may change over time, the conditional predictability patterns associated with sentiment are expected to be irrelevant to regime shifts, in accordance with the hardto-value, difficult-to-arbitrage hypothesis. For example, when the regimes are bearish, the assessment for small stocks, unprofitable stocks, or non-dividend-paying stocks becomes a difficult task since their values of collaterals sharply decline and liquidity rapidly worsens.
The risk of arbitrage increases. In contrast, when the regimes are bullish, small stocks, unprofitable stocks, or non-dividend-paying stocks perform high propensity to speculate.
Optimism would cause severe trend-chase behavior for these stocks. It turns out that the theoretical predictions of the hard-to-value, difficult-to-arbitrage hypothesis remain valid even if market regimes are changing.
The three testable hypotheses based on the above behavioral finance theories are formulized as follows:
• Hypothesis 1: Investor sentiment has predictive power for the future returns of small stocks, growth stock, unprofitable stocks and non-dividend-paying stocks. High (low) sentiment value will drive down (up) the subsequent stock returns.
• Hypothesis 2: The predictive power of investor sentiment is irrelevant to the state of regime.
• Hypothesis 3: The predictability patterns associated with sentiment would reflect a mispricing/correction pattern, rather than a compensation for systematic risk materialized by time variation in risk loading of market beta. 
where µ s t+1 is an n × 1 vector of the regime-dependent mean returns, Φ j,s t+1 is an n × n matrix of regime-dependent autoregressive coefficients at lag j, and the return innovations ε t+1 = (ε 1t+1 , ε 2t+1 , . . . , ε nt+1 ) is assumed to follow a multivariate normal distribution with zero means and regime-specific variance-covariance matrix Ω s t+1 .
The discrete regime variable s t+1 is assumed to follow a J−state first-order Markov chain whose J × J transition probability matrix P with time-invariant elements Pr( 
Predictive Regressions
To test our hypotheses, we follow and perform a conditional characteristics regression model and a conditional CAPM model, which allows a time-varying risk loading of market beta. In the former case, we use the last period's level of the sentiment proxy to forecast equal-weighted average returns of long-short portfolios that are long on stocks with high values of a characteristic and short on stock with low values, controlling the generic effect of characteristics. We seeks to assess the predictive ability of sentiment on the cross-section of future portfolio returns. In the latter case, we test whether the conditional predictability pattern by sentiment is explained by the time variation in the pattern of the risk loading of market beta or a correction pattern for a mispricing. To achieve isolating the effects of regime shifts, we will perform the above models using the regime-sorted observations in estimation. In comparison to the regime switching models in the econometric literature, our predictive regressions treat the state variable of regime as an exogenous input. Note that in this study we look for how the state of regime affects the predictive ability of sentiment,
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rather than how to use sentiment to identify regimes. Our approach turns out to be an appropriate one in this regard.
We proceed with examining the hypothesis that sentiment can predict the next period's excess returns of the long-short portfolios conditional on firm characteristics, like size, profitability or dividend policy. Specifically, we perform the following conditional characteristics regression model:
where r it,high and r it,low are the equal-weighted portfolio returns with high and low values of a characteristic, respectively; SENTIMENT ⊥ t−1 is a time t−1 sentiment proxy orthogonalized to macroeconomic conditions; RMRF t , SMB t , HML t and UMD t are the time t return spreads on zero-investment factor-mimicking portfolios for aggregate market proxy, size, book-tomarket equity, and one-year momentum in stock returns, respectively. Note that using SENTIMENT ⊥ attempts to isolate the effects of macroeconomic fluctuation on predicting the future returns of long-short portfolios. The sign of the coefficient parameter γ i,1 is expected to be positive in accordance with the theoretical prediction of hypotheses, whereas it doesn't identify the causality of the conditional predictability patterns related to sentiment as a mispricing or a compensation for systematic risk.
The subsequent issue is how do we identify sentiment-driven changes in cross-sectional predictability patterns a mispricing or a compensation for the sentiment risk? A systematic risk explanation for sentiment is associated with the time-variant risk loading of market beta varying with the sentiment proxies. It is natural to perform the following conditional CAPM model:
where the specification (β i,• + β i,1 SENTIMENT ⊥ t−1 ) captures the time-varying market beta driven by sentiment. The value of the coefficient parameter β i,1 is zero under the null hypothesis and any nonzero estimate of the coefficient parameter β i,1 captures the risk compensation for sentiment. According to the hypothesis prediction, the sign of the coefficient parameter β i,1 is the same as the estimate of coefficient parameter γ i,1 , expected to be positive.
A Simple Bootstrapped Testing Procedure
Several empirical issues need to be sorted out before we proceed to conduct hypotheses testing. There are several reasons invalidating the standard critical values of the normal distribution in testing the predictability patterns for the cross-section of stock returns. First, the distributions of the cross-sectional stock portfolios conditional on a specific stock characteristic, like size, profitability or dividend policy, are not drawn from a multivariate normal distribution (see panel A of Table 1 ). One might argue that invoking the central limit theorem can resolve the non-normality problem. However, insufficient sample sizes may substantially lead the asymptotic distribution departing from the finite sample one. Second, variations in risk-taking across the cross-sectional stock portfolios will generate the nonzero cross-sectional correlations in regression residuals in the tail, if extreme stock portfolios load some nonpriced factors. Plus, there may be co-skewness in the cross-sectional stock returns.
Thus, normality may be a poor approximation in practice. Third, the parameter estimation error leads to a bias. As pointed out by , while the sentiment index with an autocorrelated pattern has innovations that are correlated with innovations of portfolio returns, it may give rise to a bias in parameter estimates. In sum, all the above issues suggest that a bootstrapped testing procedure is necessary for proper statistical inference 6 .
We use the conditional characteristics model to illustrate our testing procedure. The implementation is as follows:
• Step 1: we compute and save OLS-estimated risk loadings
where T i0 and T in are the dates of the first and last observations.
• Step 2: Denote the cross-section of residuals at time t (ˆ 1,t , . . . ,ˆ N,t ) byΥ t . We draw a sequence of resampled residual vectors, {Υ t , t = s 
(4)
• Step 4: we run the regression model of the conditional characteristics model (2) using the bootstrapped data made by Step 3, and compute the bootstrapped t-statistic of
Step 2 and 3 for M times, a empirical distribution of t-statistic of γ
under the null (γ i,1 = 0) is available.
•
Step 5: we compute the p-value associated with t-statistic by comparing
to the quantiles of
] to obtain the p-value, where T is the total sample size, t(γ i,1 ) and t b j (γ i,1 ) are the t-statistics computed by real data sample and the b-th resampled data, respectively. The bootstrap p-value may be defined as the probability in favor of the null hypothesis
The readers can refer to Sullivan, Timmermann and White (1999) and Wang (2005) for the details of implementing bootstrap.
and NASDAQ stocks. The sorted stock returns is classified into ten or eleven deciles and the equal-weighted average monthly returns are calculated. Further details about portfolio formation and calculation of market equity, book equity, dividend yield and earnings are available from the web-page of Kenneth French. Except for earning-oriented portfolios 7 , the sample period of the portfolio returns is from January 1928 to December 2007 8 .
For the implementation of the MSVAR model, we use the following portfolio returns:
market, growth, value, small caps and large caps. Note that the four firm-characteristic portfolio returns are the equal-weighted average returns calculated by the stocks belonging to top 30% and bottom 30% of the size (or market equity) and book-to-market sorted groups.
It would lessen the impacts from the firms falling into the extreme tails. The total length of data sample covers 960 months (or 80 years) that make parameter estimates of the MSVAR more efficient. Table 1 It is apparent that the first and last deciles may display positive skewness and the middle 7 The sample period for the portfolios sorted by E/ME begins with January 1953. 8 From Ken French's web-page (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/) the return data used in this study is available. 9 The series of the sentiment proxy used in Wurgler (2006, 2007) begins with January 1966. We employ several macroeconomic variables drawn from the literature as controls: the short-term nominal yield, measured by the log yield on the 90-day Treasury bill rate in CRSP risk-free rate file 10 ; term spread, measured by the difference between yields to maturity on 10 years and 1 year bonds; default spread, measured by the yield spread between Moody's Baa-rated and Aaa-rated corporate bonds. These macroeconomic variables will be used to orthogonalize macroeconomic conditions on some sentiment proxies.
We use the following investor sentiment proxies in this study: (1) conditions. To this end, we run the regression
where Z t denotes Consumer Confidence t or VXO t , x t = (Short rate, Term spread, Default spread) .
The residuals of regression can be treated as the orthogonal sentiment proxies, labelled by Figure 2 plots the historical patterns of three various sentiment proxies orthogonal to macroeconomic conditions. It is seen that investor sentiment experienced a big plummet and rebound before 1970's. After then, it was struck by two oil crises in 1970's. Investor 
The Empirical Results of the Multivariate Markov Switching Model
A practical issue need to discussed out before we proceed to identify regimes driving the joint distribution of returns on the five stock portfolios. How do we decide an appropriate number of regimes and lags on a MSVAR model proposed in previous section? Since economic and financial theories don't provide a practical method to select the number of regimes and lags, in this paper, we use the model selection criterion, i.e. Schwartz information criterion (SIC), to determine the most appropriate setting for the Markov switching model, see for example, Guidolin and Timmermann (2008) . One might argue that the information criterion is not the most effective way to assess the model specification in this regard. But how far are we able to reach if we use an alternative sophisticated specification test to determine the number of regime for the Markov switching models, see Otranto and Gallo (2002) . There are no simple and powerful specification tests in this regards for the regime switching models so far. We now proceed to interpret the economic meanings of regimes. Table 4 • Regime 2 is a highly persistent, low volatility state, which captures most of the bull markets since 1960. The mean return of the market portfolio is 8% per annum. The size and value premiums appear in this regime. The returns of the four characteristic stock portfolio substantially move with the market portfolio.
• Regime 3 is a persistent and low volatility state with moderate mean returns. The mean return of market portfolio is 4% per annum. This regime describes the market conditions before 1965. There are no size and value anomalies in this regime.
• Regime 4 is an uncertain regime with the highest mean returns, highest volatility and a short duration. The mean return of the market portfolio is 140% per annum. This regime captures stock prices during parts of the Great Depression, the two oil shocks, the 1987's stock market crash, Russia defaults and Long Term Capital Management crashes in 1998, internet bubble crashes and corporate malfeasance of Eron. During these periods, investor sentiment index tumbled sharply and market emotion became pessimistic rapidly. The size premium emerges in this regime.
To infer the state of regime at each time point, our regime decision criterion is to examine which regime has smoothed probability above 0.5 11 .
An Preliminary Test by Sorts
To look for the general association between the return predictability and sentiment, we sort the stock returns by the following ways: (i) one-pass sort: the stock returns are sorted solely based on firm characteristics, like size, profitability or dividend policy, and classified into ten or eleven deciles. Dividend-and earning-oriented stocks have eleven deciles because we involve the additional non-dividend-paying and non-profitable columns (≤ 0); (ii) two-pass sort: we further sort stock returns based on the previous month's level of the sentiment proxy,
, in each decile that is obtained from the previous one-pass sort. Since the sentiment proxy has been centered, the cutting point for the sentiment sorting is 0, i.e. we in turn obtain two classified groups in each decile: positive and negative sentiment groups; (iii) three-pass sort: we sort stock returns based on the inferred regimes in each decile, and then further classify the two-pass sorted (firm characteristics and regime) stock returns based on the previous month's level of the sentiment proxy, SENTIMENT ⊥ t−1 . The equalweighted average returns are calculated in all sorted groups. We attempt to characterize and investigate the patterns of the changes in cross-sectional effects from the conditional difference of average returns across deciles. Table 4 contains the results.
Several observations are in order. First, the results of the one-pass sort reveal the substantial size and value premiums, 0.5% and 1.2% per month respectively. The conditional effects of firm characteristics for dividends and earnings are weak since the patterns of average returns across eleven deciles are flat. Second, it is seen that a higher level of the sentiment proxy, SENTIMENT ⊥ t−1 , is associated with a lower subsequent average return in accordance with the results of two-pass sort. The patterns of return spreads between positive and negative sentiment values coincide with the theoretical prediction of the hard-to-value, difficult-to-arbitrage hypothesis or Hypothesis 1, although those of book-to-market equityand earning-oriented portfolios do not perform a monotonic shape. In particular, the return spreads for small stocks, growth stocks, non-dividend-paying stocks and non-profitable stocks range form 1.5% to 2.3% per month. Third, it is apparent that the conditional effects of firm characteristics depend on sentiment. The size premium appears only in low sentiment periods. Non-dividend payers and non-profitable stocks perform higher average returns than dividend payers and profitable stocks while the sentiment proxy is positive. The patterns are reverse while the sentiment proxy becomes negative. However, the value premium seems to be irrelevant to sentiment. Forth, while regime shifts are considered (based on the results of three-pass sort), the conditional predictability patterns related to sentiment depend on regimes. The predictability patterns of sentiment are stable and robust only conditional on regime 2. It appears that the conditional effects of firm characteristics fairly depend on both sentiment and regimes. The size premium appears in regime 4 and regime 2 conditional on negative sentiment, whereas the value premium occurs in regime 2. These results are consistent the empirical results of the Markov switching model. The patterns of dividendand earning-oriented portfolios are the same as those in two-pass sort only in regime 2.
In unreported results, we calculate sample medians of stock returns instead of the equalweighted return averages since those can alleviate the impacts from large firms. The main findings for average returns continue to be valid for the results based on medians. In sum, our results can not reject Hypothesis 1 but Hypothesis 2. It turns out that the predictability patterns related to sentiment is regime-dependent. A bearish or a highly uncertain regime might invalidate the predictive power of sentiment.
Predictive Regressions for Long-Short Portfolios
We now proceed to the predictive tests based on predictive regressions. Table 5 reports the test results for the predictive power of sentiment. To conserve space, we only report the estimates of the parameter coefficient associated with sentiment γ i,1 . We consider both the 20 restricted and unrestricted conditional characteristics models. The restricted one is the regression with only one regressor, the sentiment proxy SENTIMENT ⊥ t−1 , and the unrestricted one is given by (2) . "High", "Low" and "Medium" in Table 5 indicate the 10th (the largest), 1th and 5th deciles. We consider three long-short portfolios for size-and book-to-market- 
The bootstrapped p-values in parentheses.
There are several noticeable features in Table 5 . growth stocks conditional on regime 1. We are not able to observe any predictive patterns conditional on the other two regimes. Third, the significant estimates ofγ i,1 conditional on regime 1 or 2 have larger magnitude than those in the case of no regimes, suggesting that conditioning on regimes can strengthen the predictive power of sentiment. It is a predictable result once the effects of regime shifts are isolated in testing return predictability.
In unreported results, we did the out-of-sample test proposed by Clark and West (2007) for the predictive regressions. The predictability patterns associated with sentiment conditional on regime 2 are pretty stable 14 . In sum, the above results confirm the findings of the preliminary tests by sorting. The robust predictability patterns of sentiment appear only on regime 2.
Systematic Risk
The systematic risk explanation can be materialized by the risk loadings of market betas varying with the sentiment proxies. It predicts that the effects of sentiment on market beta have the same sign as the estimates of γ i,1 . While the level of the sentiment proxy turn to be high, the market betas for the long-short portfolios associated with small stocks, growth stocks, unprofitable and non-dividend payers decrease, driving down the subsequent returns.
We use a conditional CAPM model simultaneously capturing the effects from the mispricing and time variation in market beta such that it is helpful to examine the causality of the effects of sentiment on return predictability. Table 6 reports the results of the estimates of the coefficient parameters associated with sentiment, γ i,1 and β i,1 . Bootstrapped p-values are in parentheses. Several findings are in order. First, the estimates of β i,1 are insignificant in all cases. It turns out that the predictability patterns associated with sentiment are not related to the compensation for systematic risk. This finding is still valid once we involve some macroeconomic variables, like term spread, default spread and short rate, in risk loading of market beta 15 . Second, the results of "w/o regimes" show that the estimates of γ i,1 are significant for the long-short portfolios associated with small stocks, non-profitable stocks and no-dividend payers, except for growth stocks. However, as the effects of regime shifts are involved, our main findings 14 To effectively implement the out-of-sample test of Clark and West (2007), we need sufficient data sample. Except the observations in regime 2, the others don't have sufficient sample size. As a result, we only implement the case of regime 2.
15 Since the sentiment measure we use in this paper is orthogonalized to the macroeconomic variables, this result turns out to be understandable in terms of two-stage regression, see .
in Table 5 continue to be valid. For example, the magnitude of the significant estimates of γ i,1 are larger conditional on regime 2. In short, the predictability patterns associated with sentiment would reflect a mispricing/correction pattern, rather than time variation in risk loading of market beta. This finding is consistent with prediction of Wurgler (2006, 2007) .
Robustness Check
In our predictive regressions, we use regime-sorted observations to perform the conditional characteristics model and the conditional CAPM model. Although it is an intuitive and straightforward approach to control the effects of regime shifts, this may give rise to several econometric issues such as the small sample bias, less efficiency and the asymptotic properties of the estimators under a specific regime. To address this concern, we run the following predictive regression model using complete data sample:
where D i is the dummy variable of regime i, which equals to 1 when regime= i and equals 0 otherwise. This specification allows the predictive power of sentiment varies with regimes.
Unlike the regime switching models in the econometric literature, our predictive regression model of (5) treat the state variable of regime as an exogenous input. Note that in this paper we look for how the state of regime affects return predictability associated with sentiment, not how to use sentiment to identify regimes. Our approach turns out to be an appropriate one in this regard. Table 7 reports the results of the predictive regression model (5) . Bootstrapped p-values are in the parentheses. To conserve space, we only report the estimates of four coefficient parameters associated with four regime dummies. Broadly speaking, the main findings in In practice, VXO is interpreted as a fear gauge for investors. A positive value of VXO is equivalent to a negative value of sentiment. Broadly speaking, the results of Table 9 display the predictability patterns associated with the alternative sentiment proxy, except for dividend-oriented portfolio. However, controlling the effects of regime shifts can not affect the predictive power of sentiment. This result may be at add with the findings based on
Baker and Wurgler's sentiment proxy and consumer confidence level. A possible explanation for this inconsistent result can be attributed to a short sample period data. Calculation based on regime-sorted observation may give rise to a substantial and severe small sample bias while the data sample period is not long enough 16 .
Conclusion
In this study, we empirically examine the relationship between return predictability and sentiment while the stock fundamentals perform regime shifts. The study is motivated by the realization that while we examine the predictive power of sentiment, we may not be able to separate identify the price change as a correction pattern for a mispricing or a adjustment dynamic in relation to the regime-switched stock fundamentals. The conventional behaioral finance theory assumes a constant stock fundamentals. Although there are some subsequent studies trying to fix the restrictive and problematic assumption on stock fundamentals, those studies didn't explore the interplay between regime shifts, mispricing and return predictability so far. We empirically address this issue.
We proposed a simple way to explore this issue within the conventional predictive regression framework and a testing procedure to tackle the potential econometric problems in this study. Our main empirical findings are: (1) the effects of sentiment on predicting the cross-section of future stock returns are conditional on the state of regime; (2) dividend-and earning-oriented portfolios perform strong conditional predictability patterns only after conditioning on sentiment and regimes; (3) the appearance of the size and value effects are also conditional on sentiment and the state of regime; (4) the cross-sectional predictability patterns associated with sentiment reflect the mispricing, not the compensation for systematic risk. 
where µ s t+1 is the regime-dependent intercepts and ε t+1 ∼ N (0, Ω s t+1 ). The regime is a unobserved state variable driven by a first-order Markov chain. The sample period is from Jan. 1928 to Dec. 2007. Regime 1 is a bear/crash state characterized by negative mean returns, high volatility and a short duration. Regime 2 is a highly persistent, low volatility state, which captures most of the bull markets since 1960. Regime 3 is a persistent and low volatility state with moderate mean returns. Regime 4 is an uncertain regime with the highest mean returns, highest volatility and a short duration. Note: This table contains the results of one-, two-and three-pass sort. (i) one-pass sort: stock returns are sorted based on firm characteristics and divided into 10 or 11 deciles; (ii) two-pass sort: stock returns are sorted based on the previous month's sentiment proxy in each decile. Two classified groups in each decile are available: positive and negative sentiment groups; (iii) three-pass sort: we sort stock returns based on the inferred regimes in each decile, and then classify the two-pass sorted stock returns based on the previous month's sentiment proxy. The equal-weighted average returns are calculated in all sorted groups. Note: This table contains the results about regressions of long-short portfolio returns on lagged SENTIMENT ⊥ , the market risk premium (RMRF), the Fama-French factors (HML and SMB), and a momentum factor (UMD), see (2) . The sample period is from Jan. 1966 to Dec. 2005. The long-short portfolios are based on firm characteristics: size, book-to-market ratio, dividend policy and earning. "High", "Low" and "Medium" indicate the 10th (the largest), 1th and 5th deciles. ≤ 0 is the non-dividend-paying or non-earning decile. SENTIMENT ⊥ is Baker and Wurgler's orthogonal sentiment proxy. We exclude SMB and HML from the right side when they are the portfolios being forecast. The column "w/o Regimes" reports the results without regime sorting. The other columns "Regime i",i = 1, 2, 3, 4, show the results based on regime-sorted observations as regime= i. The bootstrapped p-values are in parentheses. Note: This table contains the results of two-and three-pass sort. We first sort stock returns based on firm characteristics and divided into 10 or 11 deciles. Then (i) two-pass sort: stock returns are sorted based on the previous month's consumer confidence in each decile. Two classified groups in each decile are available: positive and negative sentiment groups; (ii) three-pass sort: we sort stock returns based on the inferred regimes in each decile, and then classify the two-pass sorted stock returns based on the previous month's consumer confidence. The equal-weighted average returns are calculated in all sorted groups. Note: This table contains the results of two-and three-pass sort. We first sort stock returns based on firm characteristics and divided into 10 or 11 deciles. Then (i) two-pass sort: stock returns are sorted based on the previous month's VXO † in each decile. Two classified groups in each decile are available: positive and negative sentiment groups; (ii) three-pass sort: we sort stock returns based on the inferred regimes in each decile, and then classify the two-pass sorted stock returns based on the previous month's VXO † . The equal-weighted average returns are calculated in all sorted groups.
